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Abstract—The urban heat island (UHI) refers to the phenomenon of higher atmospheric 21 
and surface temperatures occurring in urban areas than in the surrounding rural areas. Mitigation 22 
of the UHI effects via the configuration of green spaces and sustainable design of urban 23 
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environments has become an issue of increasing concern under changing climate. In this paper, 24 
the effects of the composition and configuration of green space on land surface temperatures 25 
(LST) were explored using landscape metrics including percentage of landscape (PLAND), edge 26 
density (ED) and patch density (PD). An oasis city of Aksu in Northwestern China was used as a 27 
case study. The metrics were calculated by moving window method based on a green space map 28 
derived from Landsat Thematic Mapper (TM) imagery, and LST data were retrieved from 29 
Landsat TM thermal band. Normalized mutual information measure was employed to investigate 30 
the relationship between LST and the spatial pattern of green space.  The results showed that 31 
while the PLAND is the most important variable that elicits LST dynamics, spatial configuration 32 
of green space also has significant effect on LST. Though, the highest normalized mutual 33 
information measure was with the PLAND (0.71), it was found that ED and PD combination is 34 
the most deterministic factors of LST than the unique effects of a single variable or the joint 35 
effects of PLAND and PD or PLAND and ED. Normalized mutual information measure 36 
estimations between LST and PLAND and ED, PLAND and PD and ED and PD were 0.7679, 37 
0.7650 and 0.7832, respectively.  A combination of the three factors PLAND, PD and ED 38 
explained much of the variance of LST with a normalized mutual information measure of 39 
0.8694. Results from this study can expand our understanding of the relationship between LST 40 
and street trees and vegetation, and provide insights for sustainable urban planning and 41 
management under changing climate. 42 
 43 
 44 
Keywords—urban heat island, urban green space, landscape metrics, configuration, normalized 45 
mutual information measure. 46 
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1. Introduction 47 
The urban heat island (UHI) refers to the phenomenon of higher atmospheric and surface 48 
temperatures occurring in urban areas than in the surrounding rural areas. This phenomenon is 49 
widely observed in cities regardless of their sizes and locations (Connors et al., 2013; Cui and de 50 
Foy, 2012; Imhoff et al., 2010; Li et al., 2012; Tran et al., 2006). The UHI is mainly caused by 51 
the modification of land surfaces by urban development, which uses materials that effectively 52 
store short-wave radiation (Solecki et al., 2005). As the result, land surface temperature (LST) 53 
increases due to the UHI, which may disrupt species composition and distribution (Niemelä, 54 
1999) by increasing the length of growing seasons, decrease air quality (Feizizadeh and 55 
Blaschke, 2013; Lai and Cheng, 2009; Sarrat et al., 2006; Weng and Yang, 2006), leading to 56 
greater health risks (Patz et al., 2005). The UHI may also decrease water quality as warmer 57 
waters flow into streams putting additional stress on aquatic ecosystems (James, 2002). 58 
Therefore, it has become a major research focus in urban climatology and urban ecology since 59 
first reported in 1818 (Howard, 1818).  60 
 The intensity and spatial pattern of UHI are largely exacerbated from population 61 
dynamics and development of build-up areas (Arnfield, 2003; Wu et al., 2013).  Specifically, 62 
urban structure (e.g. height-to-width ratio of buildings and streets), , proportion of built-up 63 
versus green spaces per unit area, weather conditions (e.g. wind and humidity), and 64 
socioeconomic activities determine the development of the UHI  (Hamdi and Schayes, 2007; 65 
Rizwan et al., 2008b; Taha, 1997; Unger, 2004; Voogt and Oke, 1998). For example, Huang et 66 
al. (2011) found statistically significant relationship between the UHI and socioeconomic factors 67 
indicating that a higher UHI effects were linked to block groups characterized by low income, 68 
high poverty, less education, more ethnic minorities, more elderly people and greater risk of 69 
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crime. As many of these factors, especially land surface characteristics are primarily represented 70 
by land-cover and land-use (LCLU), the relationship between the LST and LCLU has been the 71 
focus of numerous studies on the UHI (Buyantuyev and Wu, 2010; Dousset and Gourmelon, 72 
2003; Pu et al., 2006; Voogt and Oke, 2003;Weng et al., 2004). This is due to the fact that 73 
vegetation usually has higher evapotranspiration and lower emissivity than built-up areas, and 74 
thus has lower surface temperatures (Hamada and Ohta, 2010; Weng et al., 2004).  75 
Composition and configuration of green spaces are the two major elements of LCLU. The 76 
former refers to the abundance and variety of land cover types and the latter is related to the 77 
spatial arrangements and layout of land cover types (Connors et al., 2013; Turner, 2005). 78 
Remarkable proliferations of studies focusing on the relationship between LST and green space 79 
composition has been reported over the last two decades (Chen et al., 2006; Tran et al., 2006; 80 
Voogt and Oke, 2003; Weng, 2009; Weng et al., 2004). Though the magnitude of correlations 81 
varied among these reports, a negative relationship between the vegetation amount/fraction and 82 
LST was consistently observed. However, the spatial characteristics and configurations of 83 
vegetation patches within the urban environment have significant impacts on the distribution of 84 
the UHI (Bowler et al., 2010; Cao et al., 2010; Honjo and Takakura, 1991; Yokohari et al., 1997; 85 
Zhao et al., 2011), and that the size and shape of a vegetation patch creates cool island effects, a 86 
phenomenon that the temperature of green space is lower than its surrounding areas (Cao et al., 87 
2010; Zhang et al., 2009). Based on a case study of a heavily urbanized Beijing metropolitan 88 
area in China, Li et al. (2012) also indicated that increasing patch density results in significantly 89 
higher LST when the size of urban green space unaffected, and that spatial configuration has a 90 
significant influence in the variability of derived LST. 91 
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It is evident from an exhaustive literature review hitherto that there is a lack of case 92 
studies within arid regions (Connors et al., 2013).  As cities are growing fast in population, and 93 
urbanization is projected to be high (Baker et al. 2004), sustainable planning of urban 94 
environment to mitigate UHI effects highlights a pressing need for immediate attention. This is 95 
further emphasized by climate changes as arid regions are likely to become even drier in 96 
response to increasing temperature from global warming (Durack et al., 2012). Driven by fast 97 
economic growth and population increase, Northwestern China has experienced rapid 98 
urbanization in the past several decades, along with a drastic transformation of the urban 99 
environment and social equity (Fan and Qi, 2010; Halik et al., 2013; Liu et al., 2013). In 100 
addition, the majority of the previous studies used ordinary least squares regression and/or spatial 101 
autoregression to analyze the relationship between the landscape metrics and LST. The statistical 102 
significance of the relationship between the landscape metrics and LST varied between the 103 
methods (Li et al., 2012). Comparative approaches with additional case studies are needed to 104 
generalize the methods and concepts demonstrated by these preliminary attempts. To that end, 105 
we investigate the effects of composition and configuration of urban green space on LST using a 106 
robust moving window algorithm of normalized mutual information measure in the arid city of 107 
Aksu, Xinjiang Uyghur Autonomous Region in Northwestern China.  One of the advantages of 108 
using mutual information measures is that it can capture linear as well as strongly non-linear 109 
relationships among variables under the “umbrella” of just one concept (“mutual information”). 110 
The goal is to provide guiding suggestions for sustainable urban planning and development 111 
under future climate changes. We chose to use Landsat 30 m resolution data as previous studies 112 
(Liu and Weng, 2009; Li et al., 2013) have demonstrated that 30 m and 90 m are the optimal 113 
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resolutions to study the relationship between LST and landscape patterns at patch level and 114 
landscape levels, respectively. 115 
The paper is organized in the sections below. Following the description of the study area in 116 
Section 2, the methodology of calculating LST, landscape metrics, and a brief introduction to 117 
normalized mutual information measure are presented in Section 3. The results, discussions and 118 
conclusions are presented in Section 4, 5 and 6, respectively. 119 
 120 
2. Study area 121 
 122 
The study area, downtown Aksu City, Northwestern China, is a typical oasis city located in an 123 
arid region. Aksu City is the capital of Aksu Prefecture in Xinjiang Uyghur Autonomous Region, 124 
China. Geographically, the city is situated in south of the Tianshan Mountains and northwest 125 
edge of the Tarim Basin (39º30'N - 41º27'N, 79º39'E - 82º01'E; Fig. 1). Aksu City is known as 126 
“the Land of Melons and Fruits”. It includes municipal total area of 14,300 Km2 and built-up area 127 
of 28.1 Km2.  128 
 129 
Aksu City is rich in light and heat resources. It has a long frost-free period from 205 to 219 days. 130 
The climate is dry, and rainfall is extremely rare with less than 50 mm per year and average 131 
annual evaporation of 1950 mm. Topography of the study area is flat. The climatic and the 132 
physiographic conditions are mostly the same across the region. Therefore, it is an ideal area to 133 
explore the relationship between LST and spatial pattern of green space in arid and semi-arid 134 
land. 135 
 136 
 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
7 
 
The proportion of green area in the metropolitan region has increased to 30.6% today from 12 % 137 
in early 1980s. Urban green space coverage has reached 39.2% with the per capita public green 138 
area of 9 m2. Meanwhile, city's ecological environment has been significantly improved.  This 139 
rapid growth in green space emphasizes a need to develop most effective configuration of green 140 
space to reduce the urban heat island caused by expanding impervious surfaces and to adapt to 141 
the global climate change.   142 
 143 
 144 
Insert Figure 1 here 145 
 146 
3. Methodology  147 
3.1. Land Surface Temperature 148 
Landsat-5 Thematic Mapper (TM) thermal infrared band 6 (11.45 – 12.50μm) data with 120 × 149 
120 m resolution were utilized to derive the LST (Fig. 2b).  The satellite data were collected on 150 
August 19, 2011, which was a clear day with 0 % cloud cover. Meteorological variables that 151 
influence the intensity of urban heat environment at the time of image capture were obtained 152 
from China standard meteorological station in the study site. These variables include daily 153 
precipitation (0 mm), daily average wind speed (1.6 m/s), wind direction (South-East) and 154 
humidity (46 %). Due to the lack of detailed in-situ atmospheric variables that allow physical 155 
inversion of brightness temperature to LST, a mono-window algorithm was applied for retrieval 156 
of LST (Qin et al., 2001) 157 
 158 
   (1) 159 
 160 
    > @ CDTTDCDCbDCaT asensorS /11  
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With C = , D =  , α= -67.355351 and b= 0.458606, where land surface 161 
emissivity (LSE) is,  is the total atmospheric transmissivity,  is the at-sensor brightness 162 
temperature, and   represents the mean atmospheric temperature given by: 163 
 164 
           (2) 165 
 166 
With being the near-surface air temperature.  Qin et al. (Qin et al., 2001) also estimated the 167 
atmospheric transmissivity from , the atmospheric water vapor content, for the range 0.4 to 1.6 168 
g/cm2, according to the following equations:  169 
 170 
 =0.97429 - 0.08007 , and   (3) 171 
                                                   =0.982007 - 0.09611          (4) 172 
 173 
Both  and  were obtained from local meteorological stations. LSE was obtained from the 174 
NDVI thresholds method (Sobrino et al., 2004). 175 
 176 
ߝ ൌ ߝ௦௢௜௟, when NDVI < 0.2,                           (5) 177 
ߝ ൌ ߝ௩௘௚, when NDVI > 0.5 and                     (6) 178 
ߝ ൌ ߝ௩௘௚ ௩ܲ ൅ ݀ߝ, when 0.2 ≥ NDVI ≤ 0.5,      (7) 179 
 180 
where ߝ௦௢௜௟ is the soil emissivity, ߝ௩௘௚ is the vegetation emissivity, and ݀ߝ includes the effects of 181 
the geometry of natural surfaces and the internal reflections. Because most of the study area is a 182 
HW 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plain surface, this term is negligible. ௩ܲ is the fraction of the vegetation that can be computed by 183 
the following formula (Carlson and Ripley, 1997).  184 
 185 
௩ܲ ൌ ൥ ൩
ଶ
ሺͺሻ     186 
 187 
where, = 0.5, and = 0.2. Soil and vegetation emissivities were estimated to be 188 
0.97 and 0.99, respectively (Sobrino et al., 2004).   189 
 190 
3.2. Spatial Pattern of Green Space  191 
 192 
The multi-spectral Landsat-5 TM data acquired on August 19, 2011 were used to map green 193 
space (i.e., vegetated areas) (Fig. 2a). The spatial resolution of the multispectral data is 30 m. A 194 
maximum likelihood image classification approach was applied to extract the vegetated area 195 
using ENVI from EXELIS Visual Information Solutions. The four bands green, red, near-196 
infrared, and two shortwave infrared were used for classification. An accuracy assessment was 197 
conducted based on 200 ground reference data that were photo interpreted from existing land 198 
cover map with a scale of 1:150000 (produced by Land Resources Bureau of Aksu City and 199 
College of Resources and Environmental Sciences, Xinjiang University, China in June, 2012) 200 
together with Landsat true color image. The overall accuracy of the derived classification map 201 
was 87.60 %, and the kappa coefficient was 0.83 (Table 1). 202 
 203 
 204 
)( minmax
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Insert Figure 2 here  205 
Insert Table 1 here 206 
It has been demonstrated that land surface temperature or surface urban heat island could be 207 
related to LCLU types (Chen et al., 2006; Connors et al., 2013; Weng, 2001; Xian and Crane, 208 
2006), and there are relationships between spatial structure of urban thermal patterns and urban 209 
surface characteristics (Li et al., 2011; Liu and Weng, 2008; Weng et al., 2007). The last several 210 
decades have witnessed a remarkable proliferation of studies on developing landscape metrics 1) 211 
to characterize landscape patterns and its association to UHIs (Gustafson, 1998; Li and 212 
Reynolds, 1993; Li and Wu, 2004; McGarigal and Marks, 1995; Turner, 2005; Turner et al., 213 
1989; Wu, 2000; Wu et al., 2002), and 2) to relate landscape patterns to ecological processes 214 
(Turner, 2005). With respect to the measurement objectives, these metrics can be generalized 215 
into landscape composition and spatial configuration metrics (Gustafson, 1998; McGarigal and 216 
Marks, 1995). Landscape composition metrics measure the presence and amount of different 217 
patch types within the landscape without explicitly describing its spatial features while landscape 218 
configuration metrics measure the spatial distribution of patches within the landscape (Alberti, 219 
2005). In this study, we selected three commonly occurring landscape metrics to relate LST with 220 
spatial pattern of urban green space according to the following principles (Lee et al., 2009; Li 221 
and Wu, 2004; Riitters et al., 1995; Riva-Murray et al., 2010): (1) important in both theory and 222 
practice, (2) easily calculated, (3) interpretable, and (4) minimal redundancy. Table 2 shows the 223 
three landscape metrics. See Mcgarigal et al. (2002) for detailed calculation equation and 224 
comments. They are selected to provide complementary information about landscape structure 225 
for both composition and configuration.  226 
 227 
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Insert Table 2 here 228 
 229 
The metrics were calculated using the landscape structure analysis program 230 
FRAGSTATS (http://www.umass.edu/landeco/research/fragstats/ fragstats.html). The 231 
FRAGSTATS software allows the option of conducting a local structure gradient or moving 232 
window analysis, and generating the results as a new grid for each selected metric.  Our choice 233 
was to use moving window analysis, which requires a user specifies the level of heterogeneity 234 
(class or landscape) and the shape (round, square or hexagon) and size (radius or length of side, 235 
in meters) of the window to be used. A window of the specified shape and size is passed over all 236 
positively valued cells inside the landscape of interest. However, only cells in which the entire 237 
window is contained within the landscape are evaluated. Within each window, the selected 238 
metric at the class or landscape level is computed, and the value is returned to the focal cell. The 239 
moving window is passed over the grid until every positively valued cell containing a full 240 
window is assessed in this manner. 241 
 242 
In our case, we used 8-cell rule which considers all eight adjacent cells that share a side with the 243 
focal cell and 500 m-radius circular window. The window moves over the 1andscape one cell at 244 
a time, calculating the selected metric within the window and returning that value to the center 245 
cell and output a new continuous surface grid map for each selected metric (Mcgarigal et al., 246 
2002) . 247 
 248 
3.3. Statistical Correlation Measures  249 
 250 
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Scatter plots were generated to explore the bivariate relationship between LST and each of the 251 
landscape metrics. The normalized mutual information measure was assessed based on them 252 
(Cover and Thomas, 1991; Webb, 2002). The Shannon entropy of a continuous random  variable 253 
X with probability density function ݌ሺݔሻfor all possible events xאS is defined as 254 
ܪሺܺሻ ൌ െන ݌ሺݔሻ݈݋݃݌ሺݔሻ݀ݔሺͻሻ
ௌ
 
 255 
where S is the support of the variable and ݌ሺݔሻ is its probability distribution function. Probability 256 
distributions may be used to construct a frequency distribution of certain events occurring either 257 
discretely, in the form of a histogram, or continuously (Allaby, 2008). 258 
 259 
In the case of a discrete random variable X, entropy H(X) is expressed as 260 
 261 
                                           ܪሺܺሻ ൌ െσ ݌ሺݔሻ ݌ሺݔሻ௫אπ ሺͳͲሻ 262 
 263 
where ݌ሺݔሻ represents the probability of an event ݔ א π from a finite set (π) of possible values. 264 
 265 
In probability and information theories, the mutual information of two random 266 
variables is a quantity that measures the amount of information that both variables share. 267 
Formally, the mutual information of two discrete random variables X and Y can be defined as: 268 
 269 
ܫሺܺǡ ܻሻ ൌ ෍෍݌ሺݔǡ ݕሻ
௬א௒௫א௑
 ቆ ݌ሺݔǡ ݕሻ݌ሺݔሻ݌ሺݕሻቇሺͳͳሻ 
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 270 
where ݌ሺݔǡ ݕሻ is the joint probability function  of  X and Y, defined as 271 
 272 
                                           ݌ሺݔǡ ݕሻ ൌ ܲሺܺ ൌ ݔƬܻ ൌ ݕሻ                      (12) 273 
 274 
 275 
We can define: 276 
 277 
                                              ݌ሺݔሻ ൌ σ ݌ሺܺ ൌ ݔǡ ݕሻ௬א஺ (13) 278 
                                              ݌ሺݕሻ ൌ σ ݌ሺݔǡ ܻ ൌ ݕሻ௫א஺ ሺͳͶሻ 279 
 280 
as the  marginal probability distribution functions of X and Y respectively. 281 
I(x,y) is always a non-negative quantity, being zero when the variables are statistically 282 
independent. The higher the value of  I, the higher is the dependence between them.  283 
 284 
The normalized mutual information (Cover and Thomas, 1991; Sridhar et al., 1998), can be 285 
defined as  286 
 287 
ܥ௑௒ ൌ
ܫሺܺǢ ܻሻ
ܪሺܻሻ ܥ௒௑ ൌ
ܫሺܺǢ ܻሻ
ܪሺܺሻ ሺͳͷሻ 
 288 
This expression can be used as a “correlation” measure (Cover and Thomas, 1991) with the 289 
advantage of capturing linear and non-linear relationships among variables. It is sometimes 290 
called as “asymmetric dependency coefficient (ADC)” (Sridhar et al., 1998). However, two 291 
 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
14 
 
definitions in Eq. (15) will produce unequal values due to their asymmetric property in the 292 
definitions. Therefore, a symmetric normalized mutual information measure can be proposed 293 
(Press et al., 1990; Strehl and Ghosh, 2003), such as  294 
 295 
ܰܫሺܺǡ ܻሻ ൌ ʹ ܫሺܺǡ ܻሻܪሺܻሻ ൅ ܪሺܺሻǡ ܰܫሺܺǡ ܻሻ ൌ
ܫሺܺǡ ܻሻ
ඥܪሺܻሻܪሺܺሻሺͳ͸ሻ 
 296 
It is worth mentioning that the mutual information of two random variables I(X,Y) is always 297 
smaller than the entropy of any of them, i. e.,  H(X) or H(Y), namely:  ܫሺܺǢ ܻሻ ൏ ܪሺܻሻ  and 298 
ܫሺܺǢ ܻሻ ൏ ܪሺܺሻ are valid, because the information both variables share can never be greater than 299 
the information each one has. Therefore Ͳ ൑ ܥ௑௒ ൑ ͳǤ  If ܥ௑௒  equals one, it means X,Y  are 300 
perfectly correlated. If ܥ௑௒ equals 0 it indicates there is no correlation between X, Y.  301 
 302 
In this study, Eq. 15 was applied to measure the normalized mutual information between the 303 
different variables since the focus of the work is to find out the correlation between the land 304 
surface temperature, which is chosen as a proxy of target variable, and other variables including 305 
PLAND, PD and ED.     306 
4. Results 307 
 308 
The spatial distribution of PLAND is shown in (Fig. 3a), PD (Fig. 3b) and ED (Fig. 3c). Higher 309 
vegetation cover or percent green space is located on the eastern edge of the study site, which is 310 
possibly a park or a nursery with mature grown trees (Fig. 3a).  Patch density is high over the 311 
Middle-Western Aksu downtown (Fig. 3b) indicating more fragmented but evenly distributed 312 
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vegetation patches. Edge density, an indicator of linear configuration of green space along the 313 
streets, appears to be large on southwest and northeast parts of the study site.  The spatial 314 
distribution patterns of patch density and edge density are similar suggesting there exists some 315 
degree of correlation between these two variables. 316 
Insert Figure 3 here 317 
 318 
Two dimensional scatter plots between LST and landscape metrics are shown in Fig. 4.  There 319 
seems to be a negative linear relationship between LST and both vegetation fraction and edge 320 
density.  However, these relationships do not seem to be statistically significant enough (ܴଶ ൏321 
ͲǤ͵ʹ in all cases) to obtain meaningful conclusions. That is why other measures may play an 322 
important role. However, some useful information can be extracted. It is interesting to note that 323 
patch density and edge density are correlated variables but demonstrates very different degrees 324 
of effects on LST. The results imply that edge density has more deterministic effects on LST 325 
than the patch density.  One may expect that plantation of street trees evenly distributed in the 326 
urban area may be an effective way of reducing urban heat island effects, therefore, energy 327 
consumption as opposed to establishing dense patches of green space in discrete locations.  328 
 329 
Insert Figure 4 here 330 
 331 
Table 3 shows the normalized mutual information analysis between the LST and landscape 332 
metrics calculated using Eq. (15). It is evident that the compositional and spatial configuration of 333 
urban green space can affect the LST to a certain degree. When these two major categories of 334 
green space pattern are taken into account separately, it seems the compositional green space 335 
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pattern has slightly larger effect on LST than configurational factors. Meanwhile, the 336 
configurational green space patterns do have relatively strong effect but not as strong as 337 
compositional green space pattern. The mutual information value was largest when all three 338 
landscape metrics were considered in order to see the effect on the LST. This is expected since 339 
each of the landscape metrics does have some level of causal interactions with LST change, and 340 
the effects could constructively interfere each other. Combination of any two or three of the 341 
landscape metrics had a higher impact on LST than that of a single variable. The joint effect of 342 
(PLAND, PD) was slightly better in magnitude than the effect of (PLAND, ED) on LST, 343 
confirming the stronger correlation between edge density and LST as shown in Fig. 4. However, 344 
the mutual information value between (ED, PD) and LST was larger than of the (PLAND, PD) 345 
and (PLAND, ED), which might be attributed to the fact that 1) patch density and edge density is 346 
more determinative factors that elicits LST, and 2) there exist correlations between patch density 347 
and edge density.  348 
Insert Table 3 here 349 
5. Discussion 350 
 351 
The results of this study showed that PLAND was correlated with LST with statistical 352 
significance. This is consistent with a number of previous studies, which demonstrated negative 353 
correlations between LST and the abundance of green space measured by Normalized Difference 354 
Vegetation Index (Buyantuyev and Wu, 2010; Chen et al., 2006), fraction of vegetation (Weng et 355 
al., 2004), percent cover of LCLU (e.g., Forest, Grass, Cropland, etc.) (Weng et al., 2006; Zhou 356 
et al., 2011), or PLAND (Li et al., 2012). Trees and other plants help cool the environment, 357 
making green space a simple and effective way to mitigate urban heat island effects.  Green 358 
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spaces lower surface and air temperatures by evapotranspiration due to its lower thermal inertia 359 
compared to impervious surfaces and bare soils (Hamada and Ohta, 2010; Lambin and Ehrlich, 360 
1996; Weng et al., 2004); by providing shade that prevents land surfaces from direct heating 361 
from sunlight (Zhou et al., 2011). Concerning the configurational metrics, the PD and ED were 362 
less correlated with LST than PLAND. The normalized mutual information analysis also showed 363 
that there was less dependence between the LST with individual PD and ED, which is still 364 
smaller than the dependence between the PLAND and LST. This indicates that the increase of 365 
patch density leads to a decrease in mean patch size resulting in a general increase in total patch 366 
edges. Therefore, the effects of the increase in patch density on LST can be explained by both a 367 
decrease in mean patch size and increase in patch edges. The decrease in mean patch size may 368 
increase LST because a larger, continuous green space produces stronger cool island effects than 369 
that of several small pieces of green space even if whose total area equals to the area of the 370 
continuous green space (Cao et al., 2010; Li et al., 2012; Zhang et al., 2009). In contrast, the 371 
increase of total patch edges may enhance energy flow and exchange between green space and 372 
its surrounding areas, and provide more shade for surrounding surfaces, which lead to the 373 
decrease of LST (Zhou et al., 2011). 374 
 375 
As far as the each landscape metric is concerned individually, the highest normalized 376 
mutual information measure was found with the PLAND (0.71). The implication from this 377 
observation is that the composition of green space was more important than the configuration of 378 
green space in reducing UHI effects, which is consistent with previous findings (Li et al., 2012; 379 
Zhou et al., 2011). However, our results also showed that ED and PD together were the most 380 
deterministic factors of LST than the unique effects of a single variable or the joint effects 381 
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PLAND and PD or PLAND and ED. Normalized mutual information measure between LST and 382 
PLAND and ED, PLAND and PD and ED and PD were 0.7679, 0.7650 and 0.7832, respectively.  383 
A combination of the three factors PLAND, PD and ED explained much of the variance of LST 384 
with a normalized mutual information measure of 0.8694. This is because the composition and 385 
configuration of green space are constructively interrelated.   386 
Many of the results from this study regarding to the relationships between the green space 387 
and LST were expected as reported in a number of publications (Connors et al., 2013; Hamada 388 
and Ohta, 2010; Li et al., 2011; Weng et al., 2004). Traditionally, increasing the green space by 389 
planting more trees has been emphasized in urban planning (Rizwan et al., 2008a; Zhou et al., 390 
2011). While confirming the fact that the increase in green space can significantly mitigate UHI 391 
effects, our results showed that configuration of green space as expressed by the joint effect of 392 
PD and ED is the most deterministic metric that affects LST. Optimizing the configuration of 393 
green space which increases the PD and ED should be highlighted to mitigate UHI effects. These 394 
results have important implications for green space management, particularly in rapidly 395 
urbanizing arid regions as in our case study, where both water resources and available land area 396 
for increased green space is extremely limited. 397 
 Under changing climate, arid regions are likely to become even drier, while wet areas 398 
tend to get wetter in response to observed global warming (Durack et al., 2012) as indicated by 399 
increasing surface temperature. Expanding the urban green space is a rational approach for 400 
adapting to climate change. At the same time, it can contribute to the sustainable development of 401 
urban areas. However, it may compete with other socio-economic interests that also require 402 
space. Therefore, in order to determine a proper balance between the sustainable development 403 
and urban green space increase, urban planners should work on optimizing the configuration of 404 
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green space patches in selected areas by increasing the size of existing green space patches rather 405 
than building new smaller patches. In the arid Northwestern China, where temperatures are 406 
already high and water resources are limited, the outcome of this study can support decisions 407 
about sustainable urban design and development, which will help mitigating the effects of future 408 
climate, and benefit human wellbeing by improving water and energy use efficiency. 409 
6. Conclusion 410 
 411 
Taking the urban area of the oasis city of Aksu area as an example, this study 412 
quantitatively examined the effects of spatial composition and configuration of green space on 413 
land surface temperature (LST). Normalized mutual information measure was used to quantify 414 
the relationship between LST and landscape metrics including percentage of landscape 415 
(PLAND), edge density (ED) and patch density (PD). Our results showed that 1) both the 416 
composition and configuration of green space elicits urban heat island; 2) joint effects of any two 417 
combinations of the metrics was larger than the effect of a single metric; 3) ED and PD 418 
combined was the most deterministic factor of LST than the unique effects of a single variable or 419 
the joint effects PLAND and PD or PLAND and ED; 4) optimizing the configuration of green 420 
space which increases the PD and ED should be prioritized in sustainable urban planning and 421 
development to mitigate urban heat island effects. 422 
 Water scarcity is the major limiting factor of anthropogenic activities in arid and semi-423 
arid regions. Specifically, the increase of green space cover is restricted by water availability. 424 
Our results suggested that by increasing patch and edge density of the green space, the thermal 425 
environment in the City of Aksu can be further improved without expanding the percentage of 426 
landscape (PLAND). In arid and semi-arid regions, where temperatures are already high and 427 
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water resources are limited, the outcome of this study may provide climate change adaptation 428 
and mitigation benefits by reducing greenhouse gas emissions and energy demand for the 429 
cooling of buildings. 430 
 431 
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Fig. 1.  Location map of the study area showing overview map of China (top - left corner) and 639 
the Xinjiang Uyghur Autonomous Region (bottom-left corner). 640 
Fig. 2.  Green space and LST maps for the downtown are Aksu city: (a) green space map, and (b) 641 
LST map with units of Kelvin 642 
Fig. 3.  Grid map of urban green space metrics (a) Percent cover of green space (b) Patch density                         643 
(c) Edge density  644 
Fig. 4. Scatter plot of LST with PLAND, PD and ED 645 
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Table 1 Accuracy assessment of the urban green space classification map.  
 
 Reference data (Pixels) 
User's 
accuracy (%)  Urban 
green space 
Residential 
area 
Construction 
site 
Water 
body 
Total 
Urban green space 231 6 2 2 241 95.9 
Residential area 0 170 15 2 187 90.9 
Construction site 1 53 148 2 202 73.3 
Water body 0 11 0 99 110 90.0 
Total 232 240 165 103 740  
Producer’s accuracy (%) 99.6 70.8 89.7 96.1   
Overall Accuracy (%) 87.6 
Kappa coefficient 0.83 
 
Table 1
Click here to download Table: Table 1  Accuracy assessment of the urban green space derived map.docx
1 
 
Table 2  Landscape metrics used in this study(Mcgarigal et al., 2002) 
Metrics (abbreviation) Calculation and description 
  
Compositional 
 
Percentage of Landscape (PLAND) 
ͳͲͲȀܣ ൈ෍ܽ௜
௡
௜ୀଵ
 
Proportional abundance of green space in the 
landscape (%) 
 
Configurational 
 
Patch density(PD) 
݊Ȁܣ ൈ ͳͲ଺ 
Number of green space patches divided by 
total landscape area (n/km2) 
 
Edge density(ED) 
 
ͳͲǡͲͲͲȀܣ ൈ෍݁௜
௡
௜ୀଵ
 
Total length (border not included) of all edge 
segments of green space per 
hectare (m/ha) 
 
             ܽ௜ area of patch ݅;݁௜ length of edge (or perimeter) of patch ݅; ܣ landscape area; ݊ number of patches 
 
 
 
 
 
Table 2
Click here to download Table: Table 2  Landscape metrics used in this study.docx
Table 3  Normalized mutual information results of compositional configuration of green space 
and landscape metrics 
ܥ௑௒ Normalized mutual information 
value X                                                      Y 
PLAND 
PD 
ED 
PLAND, PD 
PLAND, ED 
PD, ED 
PLAND, PD,ED 
LST 
 
0.7100 
0.6985 
0.7033 
0.7679 
0.7650 
0.7832 
0.8694 
 
Table 3
Click here to download Table: Table 3  Normalized mutual information results of compositional configuration of green space and
